Modelling has recently become a key tool to promote the bioethanol industry and to optimise the fermentation process to be easily integrated into the industrial sector. In this context, this study aims at investigating the applicability of two mathematical models (Andrews and Monod) for molasses fermentation. The kinetics parameters for Monod and Andrews were estimated from experimental data using Matlab and OriginLab software. The models were simulated and compared with another set of experimental data that was not used for parameters' estimation. The results of modelling showed that µ max = 0.179 1/h and K s = 11.37 g.L −1 for the Monod model, whereas µ max = 0.508 1/h, K s = 47.53 g.L −1 and K i = 181.01 g.L −1 for the Andrews model, which are too close to the values reported in previous studies. The validation of both models showed that the Monod model is more suitable for batch fermentation modelling at a low concentration, where the highest R squared was observed at S 0 = 75 g.L −1 with an R squared equal to 0.99956, 0.99954, and 0.99859 for the biomass, substrate, and product concentrations, respectively. In contrast, the Andrews model was more accurate at a high initial substrate concentration and the model data showed a good agreement compared to the experimental data of batch fermentation at S 0 = 225 g.L −1 , which was reflected in a high R squared with values 0.99795, 0.99903, and 0.99962 for the biomass, substrate, and product concentrations respectively.
Introduction
In the last century, an exponential increase in energy consumption and demand has been noted owing to industrial development, population and economic growth, and modernisation. Researchers have taken this seriously to fulfil future energy demand [1] . Currently, fossil fuel derived from non-sustainable energy sources is being used as the main source of power [2] . However, the high consumption of fossil fuels has led to certain economic and environmental implications owing to a depletion of fossil fuel reserves and global warming [3, 4] . Renewable energy as biofuel, wind energy, solar energy, and hydroelectric energy can be alternate sources of sustainable power generation in order to replace conventional fossil fuel and to limit its implications. Renewable energy usage has increased in recent years, but it is not really widespread as it represents only 4.4% of the primary energy consumption [5] . The new renewable energy resources need to be developed, promoted, and supported for meeting the future needs of energy [6] . Among these renewable energy resources, biofuels such as bioethanol or biodiesel, which are predominantly produced from biomass, are the most promising alternate fuels owing to its advantages in terms of energy sustainability, reduction in the greenhouse effect, and rural areas development [7] . Starch and sugars are currently the main bioethanol production feedstocks, but there has been considerable debate about their sustainability in the recent years due to the competitivity between this sector and nutrition security, especially in the developing countries [8] . Thus, scientists have laid an emphasis on looking for new feedstocks for bioethanol production without implications on the agriculture sector and food security. In this regard, molasses has received more attention as it seems to be a promising feedstock for bioethanol production with a high yield and low cost and without competition to food crops [9] . Several researchers have highlighted the production of bioethanol using the alcoholic fermentation of molasses by Saccharomyces cerevisiae [9] [10] [11] [12] . With the growing interest in the industrial application of batch alcoholic fermentation for bioethanol production, different kinetic models have been developed to describe microbial growth, product formation, and substrate consumption to serve the bioethanol industry. Owing to its help in the process control, a reduction in production costs, and an increase in the product quality, mathematical modelling may be regarded as a tool to optimise the fermentation process in order to meet the industry needs [13] . The mathematical modelling of fermentation processes can be classified into two main categories: structured and unstructured models. In unstructured models, the biomass is regarded as a chemical compound in a solution with an average formula, whereas it is regarded as a number of biochemical compounds in structured models taking into consideration the change in the internal composition of the organism [14] . Batch bioprocesses, in particular, are hard to model owing to the time-varying characteristics of biological systems, which often result in process nonlinearities. The multiplicity of reactions, the adaptability and evolution of organisms over short periods of time, and the continuous shift in environmental conditions are features that characterise batch processes. In this regard, a large number of studies have been conducted on the modelling of batch alcoholic fermentation kinetics. Batch reactors are firstly used to identify the main phenomena (limitation, inhibition, cell death, and maintenance, among others) that govern the fermentation kinetics by performing specific experiments for this purpose [15] . The literature related to the modelling of fermentation processes is quite extensive. However, the model presented by Monod (1950) seems to enjoy the widest acceptance model [16] . Table 1 reviews some recent articles highlighting the modelling of alcoholic fermentation using different feedstocks based on the Monod model and Andrews model. [27] µ max -the maximum specific growth rate; K s -the Monod constant; K i -the substrate inhibition constant.
The current study aims at developing and validating the Monod and Andrews mathematical models for predicting the dynamics of biomass, substrate, and ethanol for the batch fermentation of molasses using Saccharomyces cerevisiae besides assessing the accuracy of these models when compared with the experimental data different from the experimental data set used for the model development. 
Materials and Methods

Microorganism and Fermentation Medium
Three loops of active dry Saccharomyces cerevisiae yeast from Saf-Levure (Lesaffre, Marcq, France) were dissolved in 50 mL of distilled water, which were then added directly into 200 mL of culture media containing diluted molasses (50 g.L −1 glucose), ammonium sulphate (0.7 g.L −1 ), and ammonium phosphate (0.4 g.L −1 ). The fermentation medium was incubated at 35 • C besides shaking with 250 rpm for 6 h under aerobic conditions. All the used chemicals and materials were sterilized in an autoclave at 121 • C for 20 min before the experiment. [9] . Yeast was added to the prepared fermentation medium with a concentration of 1 g.L −1 (calculated as fresh baker's yeast). During the fermentation process, the pH value was adjusted at pH = 4.5 by the automatic addition of 0.1 M NaOH and the stirring speed was maintained at 250 rpm. The fermentation temperature was kept at 30 • C using a water jacket. The fermentation was carried out under micro-aeration conditions (1 vvm) for 2 h and turned later to anaerobic during the rest time of fermentation. A sample of 5 mL was taken at a predetermined time (0, 2, 4, 6, 8, 10, 12, 18, 24, 30, 36, 48 , and 72 h) in order to determine the concentration of sugars, ethanol, and biomass.
Fermentation
Analytical Methods
Yeast growth was evaluated by spectrophotometric measurements at 620 nm in Shimadzu UV-1280 spectrophotometer (Shimadzu Scientific Instruments, Inc., Kyoto, Japan) and calibrated against the cell dry weight measurements. The concentrations of glucose, fructose, sucrose, and ethanol were measured by high performance liquid chromatography (HPLC) using a Biored Aminex HPX 87H column (Bio-Rad Laboratories, Inc., California, USA) as described in NREL (National Renewable Energy Laboratory, USA) methods [28] . In order to simplify the calculations, the concentration of other sugars (Fructose and sucrose) was converted into the equivalent concentration of glucose.
Models Theory
Growth Models
In the Monod model, an emphasis has been laid to the exponential or logarithmic phase in modelling the microbial cells growth as the formation of the product is found maximum and directly proportional to the microbial cell growth. The growth rate of a batch culture under the exponential phase is generally believed to follow the first order kinetic model, i.e., the growth rate is proportional to the microbial mass in the system. Mathematically,
where dX dt denotes the bacterial growth rate (g.L −1 .h −1 ), X (g.L −1 ) characterises the bacterial cell concentration, and µ (h −1 ) symbolises the proportional constant known as the specific growth rate.
From Equation (1), the specific growth rate µ (h −1 ) can be written as follows:
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The Monod equation describes the dependence of a microorganism's growth rate on the concentration of a limiting substrate as follows:
where µ max is the maximum specific growth rate (h −1 ), S is the concentration of the growth limiting substrate (g.L −1 ), and K s is the half velocity constant, i.e., the substrate concentration at half of the maximum growth rate (g.L −1 ). Combining Equations (1) and (3) yields:
The viable cell concentrations both in the carriers and the broth were determined and used for µ determination using Equation (2) . The µ values were used to evaluate µ max and K s by Lineweaver-Burk plots derived from Equation (3) .
In the Andrews model, the growth of S. cerevisiae can be described in relation to the predicted inhibition caused by the excess of the substrate as follows:
The experimental growth data was fitted to determine the mathematical parameters (µ max , K s , and K i ) using Origin 2018a software based on the SubstrateInhib function, where µ max (h −1 ) is the maximum specific growth, K s (g.L −1 ) is the half velocity constant, and K i (g.L −1 ) is the substrate inhibition coefficient.
Substrate and Product Models
Once µ max , K s and K i are calculated and µ is determined, the mathematical model for the substrate consumption and ethanol production can be expressed as follows:
where Y x/s and Y p/s are the substrate-and product-specific yield coefficients, respectively.
Models Simulations and Validation
The models were solved and simulated by using the fourth-order Runge-Kutta method ODE 45 with the MATLAB R2014a software (Version 8.3). The models' performance was statistically estimated using the coefficient of determination (R 2 ) where the simulation data were validated and compared with the experimental data set that was not used for parameters estimation.
Results and Discussion
Calculation of Kinetics Parameters
In order to estimate the value of µ max and K s in the Monod model, a set of batch fermentation using different substrate (5-25 g) concentrations was carried out. Figure 1 represents the variation of specific growth coefficient µ as a function of substrate concentration.
In order to estimate the value of μmax and Ks in the Monod model, a set of batch fermentation using different substrate (5-25 g) concentrations was carried out. Figure 1 represents the variation of specific growth coefficient μ as a function of substrate concentration. It is clear that the specific growth increases with the increase in the substrate concentration and that it achieved the maximum value for S = 20 g.L −1 and stabilized after that despite the augmentation of the initial sugar concentration.
μmax and Ks were calculated based on Equation (3), which could be simplified to Equation (8): Figure 2 shows the Lineweaver-Burk plot estimating the μmax and Ks values in a batch ethanol fermentation where the values of μmax and Ks were found to be 0.179 h −1 and 11.37 g.L −1 respectively, which were too close to the values reported in previous studies [17, 18] using sweet sorghum leaves and oil palm jus. However, these values were different from the values reported in other studies [19] [20] [21] [22] [23] . μmax was 0.179 h −1 , which is half of the value reported by Raposo et al. [23] for molasses fermentation, whereas Ks was almost double as compared to the same study and it amounted to 11.37 g.L −1 . This difference may be due to the diversity of the used mediums and their composition, biomass concentration, and strain nature besides the change in operating conditions such as pH, temperature, and aeration which may affect the growth mechanisms. This confirms the need for a specific model for each feedstock fermentation separately, since it is not practical to generalize a standard model to be applicable to all sets of fermentation. It is clear that the specific growth increases with the increase in the substrate concentration and that it achieved the maximum value for S = 20 g.L −1 and stabilized after that despite the augmentation of the initial sugar concentration.
µ max and K s were calculated based on Equation (3), which could be simplified to Equation (8): Figure 2 shows the Lineweaver-Burk plot estimating the µ max and K s values in a batch ethanol fermentation where the values of µ max and K s were found to be 0.179 h −1 and 11.37 g.L −1 respectively, which were too close to the values reported in previous studies [17, 18] using sweet sorghum leaves and oil palm jus. However, these values were different from the values reported in other studies [19] [20] [21] [22] [23] . µ max was 0.179 h −1 , which is half of the value reported by Raposo et al. [23] for molasses fermentation, whereas K s was almost double as compared to the same study and it amounted to 11.37 g.L −1 . This difference may be due to the diversity of the used mediums and their composition, biomass concentration, and strain nature besides the change in operating conditions such as pH, temperature, and aeration which may affect the growth mechanisms. This confirms the need for a specific model for each feedstock fermentation separately, since it is not practical to generalize a standard model to be applicable to all sets of fermentation. Biomolecules 2019, 9, x FOR PEER REVIEW 6 of 11 For the Andrews model, the mathematical model coefficients (μmax, Ks, and Ki) have been estimated for a set of batch fermentation at different substrate concentrations (100, 200, and 300 g.L −1 ) using origin 2018a software based on the SubstrateInhib function. Figure 3 represents the variations of the specific growth rate μ as a function of the initial substrate concentration S (50-300 g.L −1 ). The graph shows that the specific growth rate μ increased from 0.225 to 0.250 h −1 with the increase in the glucose concentration in the range of 50-100 g.L −1 . However, a remarkable decline in the specific growth rate μ from 0.250 to 0.185 h −1 was noted at the range of 100-300 g.L −1 of the glucose concentration which is contrary to the reported theory in the Monod model. It confirms that the continuity of the specific growth rate increases with the increase in the glucose concentration. The Andrews kinetics parameters were estimated using the origin 2018b Software and are presented in Table 2 , where μmax, Ks, and Ki were 0.508 h −1 , 47.53 (g.L −1 ), and 181.02 (g.L −1 ), respectively, and were estimated with a high accuracy (R 2 = 0.9907). For the Andrews model, the mathematical model coefficients (µ max , K s , and K i ) have been estimated for a set of batch fermentation at different substrate concentrations (100, 200, and 300 g.L −1 ) using origin 2018a software based on the SubstrateInhib function. Figure 3 represents the variations of the specific growth rate µ as a function of the initial substrate concentration S (50-300 g.L −1 ). The graph shows that the specific growth rate µ increased from 0.225 to 0.250 h −1 with the increase in the glucose concentration in the range of 50-100 g.L −1 . However, a remarkable decline in the specific growth rate µ from 0.250 to 0.185 h −1 was noted at the range of 100-300 g.L −1 of the glucose concentration which is contrary to the reported theory in the Monod model. It confirms that the continuity of the specific growth rate increases with the increase in the glucose concentration. For the Andrews model, the mathematical model coefficients (μmax, Ks, and Ki) have been estimated for a set of batch fermentation at different substrate concentrations (100, 200, and 300 g.L −1 ) using origin 2018a software based on the SubstrateInhib function. Figure 3 represents the variations of the specific growth rate μ as a function of the initial substrate concentration S (50-300 g.L −1 ). The graph shows that the specific growth rate μ increased from 0.225 to 0.250 h −1 with the increase in the glucose concentration in the range of 50-100 g.L −1 . However, a remarkable decline in the specific growth rate μ from 0.250 to 0.185 h −1 was noted at the range of 100-300 g.L −1 of the glucose concentration which is contrary to the reported theory in the Monod model. It confirms that the continuity of the specific growth rate increases with the increase in the glucose concentration. The Andrews kinetics parameters were estimated using the origin 2018b Software and are presented in Table 2 , where μmax, Ks, and Ki were 0.508 h −1 , 47.53 (g.L −1 ), and 181.02 (g.L −1 ), respectively, and were estimated with a high accuracy (R 2 = 0.9907). The Andrews kinetics parameters were estimated using the origin 2018b Software and are presented in Table 2 , where µ max , K s , and K i were 0.508 h −1 , 47.53 (g.L −1 ), and 181.02 (g.L −1 ), respectively, and were estimated with a high accuracy (R 2 = 0.9907). 
Calculation of Yield Coefficients
The formulation of Equations (9) and (10) are based on the parallel conversion stoichiometry equations. The cell mass yield coefficient (Y x/s ) and the product yield coefficient (Y p/s ) can be calculated during the growth phase as follows: 
Model Validation
To validate the Monod and Andrews models, the simulation data of the model was compared with the experimental data obtained from the batch fermentation with different initial substrate concentrations (75, 150, and 225 g.L −1 ). A common way to assess the reliability of the model is to use statistical indicators such as the coefficient of determination (R 2 ). Although there is much discussion in the literature about the validity of using R 2 to validate a nonlinear model, this statistic can provide a fair first indication of how much of the variance in the experimental data is explained by the model. However, a key limitation of R 2 is that this statistic cannot determine whether the parameter estimates and predictions are biased, which is why the residual plots must be assessed. Despite this limitation, the value of R 2 has been widely accepted to validate the mathematical models of bioprocesses [27] [28] [29] [30] [31] . Figure 4 represents the simulation data using Matlab 2014a for the Andrews and Monod models at different substrate concentrations (75, 150, and 225 g.L −1 ) as compared to the experimental data of a series of batch fermentation at the same concentrations (75, 150, and 225 g.L −1 ). The values of substrate concentration used for the validation of the models are different from the concentrations which were used for the modelling which gives the validation more reliability. Figure 4 showed a variance in both models' accuracy when they were compared to the experimental data. This variance seemed to be dependent to the initial substrate concentration. However, a statistical analysis is needed for more validation. seemed to be dependent to the initial substrate concentration. However, a statistical analysis is needed for more validation. Figure 5 represents the variance of R 2 of both models for biomass, substrate, and product concentrations at different initial substrate concentrations (75, 150, and 225 g.L −1 ). The results represented in Figure 5 show the dependency of both models' accuracy on the initial substrate concentration. The Monod model showed a good agreement with the experimental data at a low concentration where the maximum R 2 values for the biomass, substrate, and ethanol concentrations were achieved at S0 = 50 g.L −1 . The decline in R 2 of the Monod model was observed with the increase in the initial substrate concentration from R 2 biomass = 0.99956, R2 substrate = 0.99954, and R 2 product = 0.99859 to R 2 biomass = 0.92462, R 2 substrate = 0.921547, and R2 product = 0.916246 for an increase in the initial substrate concentration from 75 to 225 g.L −1 . In contrast, the Andrews model showed a good performance at high concentration (225 g.L −1 ) with R 2 equal to 0.99795, 0.99903, and 0.99962 for the biomass, substrate, and product concentrations, respectively. However, the Andrews model was less accurate at a low concentration, with R 2 equal to 0.8743932, 0.891686, and 0.90020 for the biomass, substrate, and product concentrations, respectively at S0 = 75 g.L −1 . It was also noted that any change in the R 2 biomass led to a change in the R 2 substrate and the R 2 product in both models, which is understood due to the association of the product and substrate expressions with the cell growth expression in both models. Figure 5 represents the variance of R 2 of both models for biomass, substrate, and product concentrations at different initial substrate concentrations (75, 150, and 225 g.L −1 ). The results represented in Figure 5 show the dependency of both models' accuracy on the initial substrate concentration. The Monod model showed a good agreement with the experimental data at a low concentration where the maximum R 2 values for the biomass, substrate, and ethanol concentrations were achieved at S 0 = 50 g.L −1 . The decline in R 2 of the Monod model was observed with the increase in the initial substrate concentration from R 2 biomass = 0.99956, R2 substrate = 0.99954, and R 2 product = 0.99859 to R 2 biomass = 0.92462, R 2 substrate = 0.921547, and R2 product = 0.916246 for an increase in the initial substrate concentration from 75 to 225 g.L −1 . In contrast, the Andrews model showed a good performance at high concentration (225 g.L −1 ) with R 2 equal to 0.99795, 0.99903, and 0.99962 for the biomass, substrate, and product concentrations, respectively. However, the Andrews model was less accurate at a low concentration, with R 2 equal to 0.8743932, 0.891686, and 0.90020 for the biomass, substrate, and product concentrations, respectively at S 0 = 75 g.L −1 . It was also noted that any change in the R 2 biomass led to a change in the R 2 substrate and the R 2 product in both models, which is understood due to the association of the product and substrate expressions with the cell growth expression in both models. The low accuracy of the Monod model in a high substrate concentration is due to the fact that the classical Monod equation does not consider the inhibitory effect of a high substrate on cell growth. On the other hand, the Andrews model has successfully presented the experimental dataset at a high concentration; however, it does not show the same performance at a low concentration. This can be explained by the estimation of the Andrews model coefficients at high substrate concentrations in order to investigate the inhibitory effect of the substrate which leads to a low accuracy at low initial substrate concentrations as compared to the Monod model. These results confirm the limitation of these models to widely describe the fermentation process. However, these models can be more practical under specific conditions. Despite the efforts devoted to developing complex models to be more accurate and more practical, a universal model for different fermentation cultures does not exist. Although increasing the model complexity often results in an improved curve fitting, the most appropriate model should be selected on the basis of statistical considerations. Unfortunately, there is evidence that complex equations have often been constructed in an attempt to explain a set of experimental data that exhibited so much scattering that it was impossible to discriminate between the different models. Although both the numerical and analytical methods played a critical role for the advancement of these models, it will still be difficult to find the necessary balance between avoiding an unnecessary complexity and ensuring an adequate reality [32] .
Conclusion
A mathematical model which predicts, simulates, and controls the alcoholic fermentation development would be a valuable technical tool to promote the bioethanol industry and to increase its economical competitivity. The Monod model is the most used basic model to simulate alcoholic The low accuracy of the Monod model in a high substrate concentration is due to the fact that the classical Monod equation does not consider the inhibitory effect of a high substrate on cell growth. On the other hand, the Andrews model has successfully presented the experimental dataset at a high concentration; however, it does not show the same performance at a low concentration. This can be explained by the estimation of the Andrews model coefficients at high substrate concentrations in order to investigate the inhibitory effect of the substrate which leads to a low accuracy at low initial substrate concentrations as compared to the Monod model. These results confirm the limitation of these models to widely describe the fermentation process. However, these models can be more practical under specific conditions. Despite the efforts devoted to developing complex models to be more accurate and more practical, a universal model for different fermentation cultures does not exist. Although increasing the model complexity often results in an improved curve fitting, the most appropriate model should be selected on the basis of statistical considerations. Unfortunately, there is evidence that complex equations have often been constructed in an attempt to explain a set of experimental data that exhibited so much scattering that it was impossible to discriminate between the different models. Although both the numerical and analytical methods played a critical role for the advancement of these models, it will still be difficult to find the necessary balance between avoiding an unnecessary complexity and ensuring an adequate reality [32] .
Conclusions
A mathematical model which predicts, simulates, and controls the alcoholic fermentation development would be a valuable technical tool to promote the bioethanol industry and to increase its economical competitivity. The Monod model is the most used basic model to simulate alcoholic fermentation. However, different modified models have been developed based on the Monod model to ameliorate the model reliability and acceptance. In the present study, a comparative investigation was conducted to evaluate the performance and reliability of the Monod and Andrews models for batch alcoholic fermentation. However, the results confirm that it is so difficult to define the most suitable model at different microbial growth conditions. However, the suitability of a model can only be determined for a specific range.
It was found that the Andrews model showed a better agreement with the experimental data at a high initial substrate concentration due to the consideration of the substrate inhibitory effect. On the other hand, the Andrews model was less accurate at a low initial substrate concentration compared to the Monod model which showed more suitability to represent the experimental data at a low concentration. It is clear that the complexity of a model does not always serve the objective to develop the accuracy of a model but can only be used under certain conditions when the simple models fail to give a real representation of the experimental data. 
